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An image is worth 16x16 words: Transformers for image recognition at scale
BES A EER

Swin transformer: Hierarchical vision transformer using shifted windows
ZLiu, ¥ Lin, Y Cao, HHu, ¥ Wei... - Proceedings of the ..., 2021 - openaccess.thecvi.com

This paper presents a new vision Transformer, called Swin Transformer, that capably serves
as a general-purpose backbane for computer vision. Challenges in adapting Transformer ...

W RTF WSIA WEIRRE: 2467 BXE B 9 TMRA 9

Learning transferable visual models from natural language supervision

A Radford, JW Kim, C Hallacy... - International ..., 2021 - proceedings.mir.press
State-of-the-art computer vision systems are trained to predict a fixed set of predetermined
object categories. This restricted form of supervision limits their generality and usability since ...

W iRF Y951 WSIRAE: 1620 HEXSIE BB 14 PhEA 99

Training data-efficient image transformers & distillation through attention
H Touvron, M Cord, M Douze, F Massa... - International ..., 2021 - proceedings.mir.press

Recently, neural networks purely based on attention were shown to address image
understanding tasks such as image classification. These high-performing vision ...

W FF WWSIA WSIRRE: 1448 BXE FRFE 8 ThRA 9

DeiT[Meta]

Rethinking semantic segmentation from a sequence-to-sequence perspective]
with transformers

S Zheng, J Lu, H Zhao, X Zhu, Z Luo... - Proceedings of the ..., 2021 - openacgm[g E &L—': \;i &E%-I:ﬂ’]
Most recent semantic segmentation methods adopt a fully-convelutional networl

an encoder-decoder architecture. The encoder progressively reduces the spatial resolution ...
Yo {777 U9 3IE #EIRRE: 720 BXNE FRE 8 MLk 9o

Pyramid vision transformer: A versatile backbone for dense prediction without
convolutions

W Wang, E Xie, X Li, DP Fan, K Song... - Praceedings of the ..., 2021 - openaccess.thecvf.com
Although convolutional neural networks (CNNs) have achieved great success in computer

vision, this work investigates a simpler, convolution-free backbone network useful for many ...

Yo (&7 99 31F #SIRRE: 713 BXENE A 9 MRE o
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Tokens-to-token vit: Training vision transformers from scratch on imagenet
L Yuan, Y Chen, T Wang, W Yu, Y Shi... - Proceedings of the ..., 2021 - openaccess.thecvf.com
Transformers, which are popular for language modeling, have been explored for solving

vision tasks recently, eg, the Vision Transformer (ViT) for image classification. The ViT model ...

wFF S WSIRREL: 537 EXE AR 7 MRAE 9

Pre-trained image processing transformer
H Chen, Y Wang, T Guo, C Xu... - Proceedings of the ..., 2021 - openaccess.thecvf.com

As the computing power of modern hardware is increasing strongly, pre-trained deep
learning models (eg, BERT, GPT-3) learned on large-scale datasets have shown their ...
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Cvt: Introducing convolutions to vision transformers

HWu, B Xiao, N Codella, M Liu, X Dai... - Proceedings of the ..., 2021 - openaccess.thecvf.com
We present in this paper a new architecture, named Convolutional vision Transformer (CvT),
that improves Vision Transformer (ViT) in performance and efficiency by introducing ...
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PVTIER&EH

oint transformer
H Zhao, L Jiang, J Jia Jla PHS Torr... - Proceedings of the ..

, 2021 - - PREAACKESS. hecvf
wPoint Transformmerts #5484 ]
impressive sl |d g€ an ification and object detection .
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ranstormer In transtormer
K Han, A Xiao, E Wu, J Guo, C Xu... - Advances in Neural ...,
Transformer is a new kind of neural architecture which encodes the input data as powerful

features via the attention mechanism. Basically, the visual transform t iy ﬂﬁfbﬂ% ]
N -+

Ty (77 99 318 WSIERE: 313 EXEYE A 10 ThEA

2021 - proceedings.neurips.cc

Xi'nd—to—end video instance segmentation with transformers
Y Wang, Z Xu, X Wang, C Shen... - Proceedings of the ..., 2021 - openaccess.thecvf.com

Video instance segmentation (VIS) is the task that requwes Si Bﬂe@lﬁ sslg El'i
segmenting and tracking object instances of interest FE tTma ﬁmagiyjt . ]
W T U9 SIF WSIHRE: 293 MEXNE R 6 ThRA O
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g fy
ResNet LR-Netl##2019.4]
stage| output ResNet-50 LR-Net-50 (7x7, m=8)
. 1x1, 64
resl | 112x112{§ 7x7 conv, 64, stride 2 > 7x7 LR, 64, stride 2
3x3 max pool, stride 2 3% 3 max pool, stride 2
res2 | s6xs6 1x1, 64 1x1, 100
3X3CONY, 64  fmd S mm o o s o 7x7 LR, 100 || x3
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11, 128 [ 1x1.200
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resd | 14x14 3X3 convy, 256 [ 2 6 == = e e 7x7 LR, 400 || %6
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resS| 7x7 3X3 conv, 512 o 9 3 mm o o e o o 7x7 LR, 800 || x3
i 1x1,2048 | 1x1, 2048 ]
Il global average pool global average pool
1000-d fc, softmax 1000-d fc, softmax
# params 25.5x10° 23.3x10°
FLOPs 4.3x10° 4.3x10°
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Figure 1: Left/Center: Representation quality, measured as ImageNet finetune and linear 10-shot
error rate, as a function of total training compute. A saturating power-law approximates the Pareto
frontier fairly accurately. Note that smaller models (blue shading), or models trained on fewer images
(smaller markers), saturate and fall off the frontier when trained for longer. Top right: Representation
quality when bottlenecked by model size. For each model size, a large dataset and amount of compute
is used, so model capacity is the main bottleneck. Faintly-shaded markers depict sub-optimal runs of
each model. Bottom Right: Representation quality by datasets size. For each dataset size, the model
with an optimal size and amount of compute is highlighted, so dataset size is the main bottleneck.
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SWIn V1 (2021 3) 77.5 58.7 53.5 84.9

83.3 61.3 58.4 85.4
(83%2021.7) (MSRA, 2021.7) (MSRA, 2021.10) (2%, 2021.10)

84.0 63.1 59.9 86.8

(+0.7) (+1.8) (+1.5) (+1.4)
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Hao Zhang et al. DINO: DETR with Improved DeNoising Anchor Boxes for End-to-End Object Detection. arxiv 2022.



g B SRO E

« WSS E Vis TRESE]/|FCHEtAS&Adobe] /S e FormerlikiaByteDance] /\/| TAREAZ&Adobe
o HEIR3DH 4T,

- =S 3DETRMetal/Group-Free-3DIMSRA

. BEFZiEEE: DETR3DMIT&CMU&EX] /BEVFormerfk& LBAIL R =&HKU]
PETRE#1/PETRy2 ¥l

- T EIBERES
. MDETRINYU&FAIR]/FUTR3 DIEE&CMUMIT&E#]
. ViP3DIBE#&CMUEMIT] /TransFusionHKUSTEAER&ICUHK]



Il SDETRIZAHIRILEH

- Pixel2SeqV1& V2= 2021]
e YOLOS [47} 2021]

Cls & Bbox Predictions

t t vee {

[ MLP Heads ]
Pat-Tok Pat-Tok ces Pat-Tok Det-Tok Det-Tok vee Det-Tok
#1 #2 #N #1 #2 #100
Transformer Encoder

+PE +PE +PE +PE +PE +PE
Pat-Tok Pat-Tok - Pat-Tok Det-Tok Det-Tok cee Det-Tok
#1 #2 #N #1 #2 #100

[ Linear Projection of Flattened Patches ]

Ymin=1 Xmin=57 Ymax=99 Xmax=72 Person ...... “ é
| LE N ]

Patches of an Input Image

detect objects

Pixel2SeqV1 YOLOS



jl 2021—iR & TransformerfE: MWEHEFU/IGEIHEEMIM (FEF5#3)

W BRI & F)l145 KBRS

3 ﬁiﬁrﬁ - A

. B s )2k
CNNEFE E855)
Transformer B IESEI&EMIM

B4t e.g., BEiT/MAE/SimMIM




W S A BB L ERIS? (ESR0NE

 Yann LeCunf9&E#E2ELL: BISESFIEiEERGTIHNEZ(EE

P> “Pure” Reinforcement Learning (cherry)

» The machine predicts a scalar reward given once in a
while.

> A few bits for some samples

P> Supervised Learning (icing)

» The machine predicts a category or a few numbers
for each input

P Predicting human-supplied data
» 10—10,000 bits per sample

P> Self-Supervised Learning (cake génoise)

» The machine predicts any part of its input for any
observed part.

» Predicts future frames in videos
P Millions of bits per sample

» TransformerdsE KERBENTERZEERK "HRE"
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« Z5BERT/GPT/5 /A9 AR =11,
. |mage GPTI[OpenAl 2020.6]

(a) Autoregressive (b) BERT
v v
o0 0 0000 &0 00000
“—w w
00 000000 0O 000000
T ———— ThE—
o800® '@ 00000 O
- v v
Target Target

Mark Chen et al. Generative Pretraining from Pixels. ICML 2020.
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Hangbo Bao et al. BEIT: BERT Pre-Training of Image Transformers. ICLR 2022.
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